Background Scale heterogeneity, or differences in the error variance of choices, may account for a significant amount of the observed variation in the results of discrete choice experiments (DCEs) when comparing preferences between different groups of respondents. Objective The aim of this study was to identify if, and how, scale heterogeneity has been addressed in healthcare DCEs that compare the preferences of different groups. Methods A systematic review identified all healthcare DCEs published between 1990 and February 2016. The full-text of each DCE was then screened to identify studies that compared preferences using data generated from multiple groups. Data were extracted and tabulated on year of publication, samples compared, tests for scale heterogeneity, and analytical methods to account for scale heterogeneity. Narrative analysis was used to describe if, and how, scale heterogeneity was accounted for when preferences were compared.
Results A total of 626 healthcare DCEs were identified. Of these 199 (32%) aimed to compare the preferences of different groups specified at the design stage, while 79 (13%) compared the preferences of groups identified at the analysis stage. Of the 278 included papers, 49 (18%) discussed potential scale issues, 18 (7%) used a formal method of analysis to account for scale between groups, and 2 (1%) accounted for scale differences between preference groups at the analysis stage. Scale heterogeneity was present in 65% (n = 13) of studies that tested for it. Analytical methods to test for scale heterogeneity included coefficient plots (n = 5, 2%), heteroscedastic conditional logit models (n = 6, 2%), Swait and Louviere tests (n = 4, 1%), generalised multinomial logit models (n = 5, 2%), and scale-adjusted latent class analysis (n = 2, 1%). Conclusions Scale heterogeneity is a prevalent issue in healthcare DCEs. Despite this, few published DCEs have discussed such issues, and fewer still have used formal methods to identify and account for the impact of scale heterogeneity. The use of formal methods to test for scale heterogeneity should be used, otherwise the results of DCEs potentially risk producing biased and potentially misleading conclusions regarding preferences for aspects of healthcare.
Introduction
Originating in market research, discrete choice experiments (DCEs) are a method, underpinned by economic theory, to elicit the stated preferences of defined samples of respondents for the attributes of a specific good or service. A measure of preference can be inferred by analysing the choices made in a series of questions that present hypothetical profiles described using attributes and levels [1] . The data generated from a DCE are commonly analysed using some form of discrete choice model that reveals to the researcher the relative value placed by respondents on the attributes. Example applications of DCEs in the field of healthcare include understanding patients' preferences for services so as to inform their design [2] , understanding preferences for how healthcare resources are allocated [3] and valuing health states [4] . Systematic reviews have shown that the number of DCEs in healthcare has risen exponentially [5, 6] . In healthcare DCEs, the most commonly used model for analysis has been one of the logistic regression models (conditional or multinomial logit [MNL] ) [6] . Discrete choice models of aggregated choice data, such as the MNL, have the advantage that they are easy to understand and are simple to implement in standard statistical software packages such as Stata, NLOGIT or Sawtooth Software [7] [8] [9] . However, these simple models estimate average preferences from the aggregate sample of respondents. Nonetheless, it is important to note that there are two types of heterogeneity potentially relevant in the responses to DCEs: preference heterogeneity and scale heterogeneity. These types of heterogeneity may occur in isolation or concurrently in choice data.
It is logical to assume, and indeed has been shown, that people's preferences for healthcare interventions are heterogeneous [10] . Failure to appreciate the existence of preference heterogeneity (also called 'taste heterogeneity'), defined as the degree to which preferences vary across respondents, will have implications for the interpretation of the results. Most often studies using MNL models investigate variation in preferences that are associated with observable characteristics estimated through basic subgroup analysis. A substantial volume of research has been conducted to extend the MNL models to allow for different preference distributions and understand the presence of heterogeneity in preferences. The mixed logit model (MXL) and similar Hierarchical Bayes model (HB) extend the MNL to allow the researcher to specify a continuous distribution for the attribute coefficients, and attaching a discrete distribution of the attribute coefficients leads to a latent class model [11] [12] [13] . Systematic reviews of the healthcare DCE literature have found an increasing number of examples of these more sophisticated models being used. Between 1990 and 2000, only 3% of studies used MXL or random parameters logit, increasing to 21% of studies using these models between 2009 and 2012 [6] . Clark et al. also reported increases in the number of latent class analyses. All the studies using these models found evidence of preference heterogeneity in the data [6] . These trends suggest preference heterogeneity is present in healthcare preferences, and DCE practitioners are now starting to account for this heterogeneity in their research.
Scale heterogeneity is another type of heterogeneity, defined as differences in the error variance of respondents' preferences that has received relatively less attention in the published DCE literature. Differences in the level of error variance impact on the size of the parameter estimates in logistic regression models through a scale parameter (the inverse of error variance). Large error variances correspond to small-scale parameters and smaller preference parameter coefficients, while small error variance results in larger parameter estimates [14] . Such scale heterogeneity could arise for many reasons, e.g. different survey designs, different levels of familiarity with the subject, differences in mental capability, and differences in the presentation of the same attributes or levels to different groups of respondents. A primer on scale heterogeneity was published in 2017 that defines, describes and discusses its relevance and provides further information on the theoretical issue of scale in healthcare DCEs [14] .
As both preference heterogeneity and scale heterogeneity can impact on parameter values obtained in DCEs, it is impossible to determine if genuine preference heterogeneity exists without also investigating scale heterogeneity. Similarly, the reverse is also true as researchers will not be able to identify differences in error variance between groups without also investigating heterogeneity in the stated preferences. Scale heterogeneity is therefore a particularly pertinent issue in studies that compare the preferences of different groups of respondents as the aim of such studies is generally to compare whether there are systematic differences in stated preferences between two or more groups of respondents (hereafter termed 'groups'). Without accounting for potential systematic differences in scale heterogeneity between the groups, it is impossible to determine whether observed differences in preference coefficients are due to preference or scale heterogeneity. As a result, misleading conclusions can be drawn from such comparisons as this may impact on policy decisions informed by these DCEs.
Comparisons of the preferences of different groups of respondents can be conducted by a priori specification of two different subsamples of respondents of interest or by identifying latent groups within the total sample who share similar preferences (for examples, see Table 1 ). Examples of the prior approach may include DCEs that compare the preferences of different groups of respondents for policy reasons, e.g. understanding the preferences of patients or clinicians for a health intervention to inform or promote shared decision making. An alternative example would be a sample of respondents that is divided into groups to receive different experimental designs or formatting of the DCE to determine whether different versions have an impact on preferences and error variance. Alternatively, grouping can be conducted by a posteriori identification of latent groups within the respondent sample who share the same preferences. For example, aggregate patient preferences for an intervention could be determined before latent class analysis is used to identify subgroups of patients who prefer different aspects of the intervention. Such grouping based on preference coefficients may be useful in applications such as personalisation or targeting of interventions to improve uptake. Estimation of preferences by latent class analysis can be conducted in software programmes such as Latent Gold [15] or Stata [7] .
A published review reported a simple search of the SCOPUS database to identify DCEs in all disciplines that had mentioned scale heterogeneity, the generalised MNL (GMNL) model, or scale-adjusted latent class (SALC) model [16] . Of 25 papers identified, 14 had a 'health focus', but it was unclear whether this review included all studies conducting DCEs that had discussed scale or just those that contained issues with the interpretation of the models of interest. The focus on the GMNL and SALC models also meant that studies using other approaches to addressing scale, i.e. other model-based approaches such as the heteroscedastic conditional logit [17] or tests such as the Swait and Louviere approach [18] , were not included in the review. Furthermore, as no search strategy was reported for the study, it was not possible to reproduce the results.
To date, there has been no comprehensive, systematic approach to understand if published healthcare DCEs have taken account of scale heterogeneity when comparing between the preferences of different groups. The primary aim of this study was to identify if, and how, published healthcare DCEs that compared preferences of different groups of respondents, defined at the design stage, discussed or empirically tested for differences in scale. The secondary aim of this paper was to identify if, and how, published healthcare DCEs that compared preferences of different groups of respondents, identified at the analysis stage, discussed or empirically tested for differences in scale. Finally, a supplementary aim was to provide a descriptive account of the extent to which scale heterogeneity is addressed in the wider healthcare DCE literature. The purpose of this study is to provide a constructive critique of the field, and examples will be taken from published studies to illustrate exemplars of good practice. [19] was used to identify all published healthcare DCEs, and then, from those relevant DCEs, which had compared choice data generated from two or more different prespecified groups, and compared different preference groups identified at the analysis stage. For the purpose of this review, the term 'groups' was defined in terms of groups of respondents identified a priori or a posteriori (see Table 1 ). The approach used to identify all DCEs was built on a published search strategy [20, 21] , which aimed to update previous systematic reviews of DCEs of healthcare preferences [5, 6, 22] .
Search Strategy
In line with these previous published systematic reviews [5, 6] , the MEDLINE electronic bibliographic database was searched using an electronic search strategy. The electronic search strategy (see Supplementary Appendix 1) was based on previously published reviews [5, 6, 22] . The date of the search was limited to identify healthcare DCE studies published between 1 January 2012 (date of the last published systematic review [6] ) and February 2016, as the intention of this review was to update the previous studies in this area. The studies identified in this systematic review were added to those identified in the previous reviews in order to create the full sample of papers. Studies that had compared the preferences of prespecified samples or different preference groups, and which accounted for scale heterogeneity, were identified by using an electronic search of PDFs using a keyword search with the terms 'scale', 'heteros*', 'error' and 'plot'. A supplementary search was conducted in which DCE studies that did not compare the preferences of different groups were identified and searched to describe the extent to which methods to address scale heterogeneity were used in the broader healthcare DCE literature (see Supplementary Appendix 2).
Screening
Screening to identify all published healthcare DCEs was conducted by an initial reviewer (CV) and duplicated by a second reviewer (EG or LT). Following the initial screening, if an article could not be rejected with certainty on the basis of its abstract, the full text of the article was obtained for further evaluation. Any disagreement between the two review authors over the eligibility of particular studies was resolved through discussion with a third review author (KP).
The full papers of all identified healthcare DCEs were then hand-screened by a pair of independent reviewers (GS and CV or SW) to identify DCEs that included a comparison of choice data generated from two or more different groups, or after identifying preference groups during data analysis.
The inclusion criteria required that there should be an explicit statement of comparing choice data from two or more groups, or identifying multiple groups based on their preferences, in the title or abstract of the paper. Studies that elicited the preferences of different groups completing the same DCE were excluded if the findings for each group of respondents were published separately in different journal articles. Health technology assessment (HTA) reports, funded by the National Institute for Health Research in the UK, were excluded on the basis that it was likely that any included DCEs would likely have been published as a separate paper, and also to avoid double counting. Studies were also excluded if they compared DCEs with other stated preference methods (e.g. time trade-off, standard gamble, or visual analogue scales). Furthermore, DCEs were only included if they used a survey to collate discrete choice data rather than asking respondents to rank or rate alternatives (conjoint analysis). Studies with an adaptive element to the experimental design (adaptive conjoint analysis) were excluded. Non-English articles and reviews, guidelines or protocols were also excluded.
Data Extraction
Data extraction was focused on the identified DCEs that included a comparison of choice data from two or more groups that had been specified at the design stage of the study or identified at the analysis stage. A data extraction table was created in Microsoft Excel 2010 (Microsoft Corporation, Redmond, WA, USA). The key elements extracted from each study were author, year, research question, mentioned scale heterogeneity, tested for scale heterogeneity, methods used to account for scale, and whether scale heterogeneity had been found to be a statistically significant issue in the choice data.
Data Synthesis
A narrative synthesis was used to describe the proportion of DCEs that included a comparison of choice data from two or more groups, mentioned scale heterogeneity, and in which a formal test for scale and methods was used. This narrative synthesis also summarised the rationale for testing for scale heterogeneity and the selection of specific methods, together with a discussion of the potential consequences of not testing for scale heterogeneity.
Results
A total of 626 published healthcare DCEs were identified up to February 2016. A total of 278 DCEs stated that they included a comparison of groups, and, of these, 199 (see Fig. 1 ) included a stated comparison of choice data from two or more prespecified groups (see Table 2 ). A wide variety of types of groups have been compared, including respondents such as 'young, healthy, tech-savvy individuals, and low-income, rural Virginians' [23] , 'policy makers, HTA experts, advanced HTA students' [24] , and 'the public, female bar workers and male porters' [25] . The most common prespecified comparisons considered were different countries (n = 38, 14%), survey designs (n = 28, 10%), and samples such as patient and health professional preferences (n = 21, 8% Fig. 1 Summary of number of identified DCEs. DCE discrete choice experiment, MRS marginal rates of substitution, WTP willingness to pay. The total number of methods used sums to more than 20 as some studies used more than one method to test for scale heterogeneity included a comparison of the preferences of groups identified in the analysis stage of the study. One-quarter (n = 49; 18%) of the 278 DCEs explicitly mentioned scale heterogeneity (see Fig. 1 ). Of this group of DCEs, 18 (7%) included formal methods to account for the impact of scale between prespecified groups [3, 4, [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] [36] [37] [38] [39] [40] [41] and 2 (1%) for the impact of scale on preference groups identified in the analysis [42, 43] . In the total of 20 DCEs that had formally tested for scale, 13 (5%) identified a statistically significant difference in error variance between the two groups.
Calculating marginal rates of substitution (MRS) can be used to allow direct comparison across groups because this process theoretically removes the problem with scale as the scale parameter is eliminated by the process of division [44] . As a result, it has conventionally been stated that MRS or willingness to pay (WTP) for different coefficients can be compared across groups, assuming that other aspects of the DCE, e.g. the attributes and levels presented, were held constant. A number of studies (n = 14) discussed potential scale issues and stated they specifically calculated MRS to remove the issue of comparing between groups [36, 40, [44] [45] [46] [47] [48] [49] [50] [51] [52] [53] [54] [55] . For example, de Bekker-Grob et al. calculated MRS to allow direct comparison of patients' and urologists' preferences for prostate cancer as ''parameter ratios do have a natural interpretation in terms of the relative importance of attributes, and rule out a possible difference in the scale parameter'' [46] . Song et al. also used MRS to compare the preferences of different primary care providers for job attributes [54] , while Tinelli et al. calculated MRS to compare patients' preferences for primary care services in different European countries where ''differences in the scale parameter prevented direct comparison of regression coefficients between groups'' [55] . However, recent evidence has suggested that if models do not account for correlation in coefficients then they do not account for scale and therefore the parameter estimates and WTP values produced could be biased [16] . Furthermore, the use of WTP values to account for scale may also be too simplistic, for three reasons: (1) interesting findings about randomness in decision making may be obscured; (2) some DCE studies may not have a numerical attribute (such as those conducted for health state valuations); and (3) if the error variance for one group is so large (verging on random), it may be incorrect to conclude that there is a common willingness-to-pay for all respondents.
A number of the identified DCEs explicitly aimed to examine how changes in study design impact on the error variance of respondents' responses. For example, one study sought to determine whether the number of choice sets presented to respondents influenced the results of the DCE [27] . As well as potential differences in WTP estimates, indicating preference heterogeneity, the authors also investigated the impact of larger numbers of choice sets on response behaviour by observing the size of the scale parameter as an indicator of cognitive burden. The results of this study suggested that respondents completing a 17 choice-set survey had significantly higher error variance in The number of studies (%) do not sum to 278 (100%) as some studies used multiple groups their responses than respondents completing five choice sets.
In a study examining the potential for using DCEs to value health states, a scale parameter was estimated to reflect potential learning or fatigue effects experienced by respondents over the course of the survey [4] . The absence of scale heterogeneity in the study by Kinter et al. of differences between orthogonal and D-efficient experimental designs suggested that respondents exhibited similar error variance in answering both surveys, and that therefore each type of experimental design was equally valid [31] .
The reported formal methods used to test for scale heterogeneity between prespecified groups were coefficient plots (n = 5, 2%), heteroscedastic conditional logit models [56] (n = 6, 2%), Swait and Louviere test [18] (n = 4, 1%), and GMNL models [57] (n = 5, 2%). While the use of the GMNL model to control and test for scale is under debate [16, 58] , for completeness it is included in this review where the authors have stated that it has been used to address scale heterogeneity. For preference groups identified at the analysis stage, SALC analysis [59] was used to account for scale heterogeneity in two (1%) studies.
Coefficient Plots
A visual method was proposed by Swait and Louviere [18] that provides a simple check for the presence of scale heterogeneity between two groups. The method involves creating a plot of the coefficients estimated from the relevant multinomial (or conditional) logit models for each group of respondents against one another. This plot provides a clear, visual representation of the presence of scale heterogeneity. If preferences and error variance are identical in each group, then the points should form a perfectly correlated line through the origin with a slope of one. However, if the estimated slope of the line of best fit between the parameter significantly differs from one then there is evidence that ''the scale parameters of the two sets may differ, but the model parameters may be equal'' [18] . If the coefficients are not perfectly correlated, then there is also evidence of preference heterogeneity.
Five published DCEs were identified that used a plot of the coefficients to visually identify potential scale heterogeneity [4, 28, 31, 35, 36] . Figure 2 shows an example plot of the coefficients estimated by an MXL comparing the preferences for genetic carrier testing from a sample of the general public with an Ashkenazi Jewish population [28] . While noting a few exceptions, the authors highlight that ''the strong linear relationship indicates that differences in coefficient magnitudes are largely explained by differences in scale associated with the two samples''. In contrast, Fig. 3 shows a plot of the estimated coefficients elicited from two DCEs that used different experimental designs, which shows less evidence of scale heterogeneity [31] . Despite the deviation from a slope of one, the relatively low R 2 value for this formula, compared with an assumed R 2 value of 1 if preferences were identical, suggested that differences in preferences were not due to scale alone.
While coefficient plots offer a simple visual check for potential scale issues, they do not provide a formal test. Relying on visual inspection may lead to somewhat contradictory judgements about whether scale heterogeneity is present. For example, in the examples shown in Figs. 2 [28, 31] . Coefficient plots may therefore be best used as an informal Fig. 2 Illustrating the visual comparison of parameter estimates from two groups (general population and Jewish population). 1 Reprinted from Hall et al. [29] , with permission from Elsevier. Copyright (2006). 1 A dotted line with a slope of 1 and origin (0,0) has been added for comparison first step in identifying potential scale heterogeneity before more formal tests are conducted.
The 'Swait and Louviere' Test
Alongside coefficient plots, Swait and Louviere also proposed a more formal test for scale differences between estimated coefficients [60] . Their approach required the estimation of an intermediate model where parameters were assumed constant across groups but a single scale parameter was estimated to capture any scale differences across groups. In the first step, the analyst tests whether parameters are equal across samples without imposing equality of scale. If the hypothesis of equality of parameters cannot be rejected then the analyst can estimate whether the scale parameter is equal to unity or not, i.e. whether scale differences exist. This proposed two-step variant of a Chow test [61] can be accomplished using likelihood ratio tests, although this does require software that can estimate the model with the separate scale parameter. The original Swait and Louviere paper proposed an alternative grid search process that only requires the standard software used to estimate the group-level and pooled models; in their case, this was MNL. It should be noted that while the Swait and Louivere approach offers a simple test for potential scale heterogeneity, the estimated scale parameters are ''consistent but inefficient'' [62] .
The Swait and Louviere test was used by four papers in this review [26, 31, 36, 40] . Finkelstein et al. used an initial estimate of the scaling parameter to provide a scale-adjusted comparison of patients' preferences for end-of-life care compared with older adults living in the community [40] , while Payne et al. rejected the hypothesis of equal parameters at the first step of the test [36] . Both Araña et al. and Kinter et al. could not reject the hypothesis of equal parameters and therefore proceeded to the second step of the test and found the estimated scale parameters were not significantly different from one, providing no evidence of scaling [26, 31] .
Heteroscedastic Conditional Logit Model
A simple way to quantify and test for differences between two groups with the same assumed underlying preferences is to use a heteroscedastic conditional logistic regression model. In a heteroscedastic conditional logistic regression, differences in scale are modelled as a function of observable characteristics of the choice data [11] . This includes the Swait and Louviere framework as a special case where data were generated from different demographic samples or different survey designs, and the observable characteristic to be used in a heteroscedastic logit would be a dummy variable indicating group membership or one type of survey design. The heteroscedastic logit is more general and can be used to model scale as a function of any observable characteristic of interest [63] , assuming that the actual preferences of the groups are the same. This estimation can be easily achieved in statistical software such as Stata with the use of the downloadable clogithet command [64] .
Six DCEs identified in this review used the heteroscedastic conditional logit model to test for differences in scale between groups [3, 4, 27, 34, 37, 38] . The use of this approach was effectively demonstrated in a study on the effect of the number of choice sets on model parameters and variance reported by Bech and colleagues [27] . Four factors were found to influence the error variance of responses: age of the respondent, reported income, time taken to complete the survey, and a respondent's selfreported confidence in their answers. In contrast, Milte et al. did not find evidence that older individuals with higher cognitive function exhibited lower error variance when they tested for scale heterogeneity [34] . Mirelman et al. also used the heteroscedastic conditional logit model to test for scale heterogeneity when comparing the weighting given to decision-making criteria by decision makers in different countries [3] . The researchers found that, broadly speaking, scale variance was not an issue, apart from in China, and as such the choice data from this country was excluded from their analysis. One of the main points of analysis was a comparison of preferences for the goals of decision making, e.g. efficiency or equity, between countries and scale issues would have rendered such comparisons meaningless. 1 Adapted from Kinter et al. [31] , using Microsoft Excel to include a fixed intercept at the origin. DCEs discrete choice experiments. 1 A dotted line with a slope of 1 and origin (0,0) has been added for comparison
Mixed and Generalised Multinomial Logit Models
The three methods described (visual plot, the Swait and Louviere test, and heteroscedastic logit model) can all be used to identify potential scale issues in DCEs but they all rely on a very strong assumption that there is no preference heterogeneity between groups. Coefficient estimates produced by choice models are a composite of actual preferences and error variance, therefore to account for scale heterogeneity, models such as the heteroscedastic logistic regression allow scale to vary but assume that preferences are homogenous. In many applications, such an assumption is likely to be tenuous. While conceptually distinct concepts, the basic confound between scale and preference heterogeneity means that empirically it will always be difficult to disentangle the two. One potential, although currently controversial, approach to this issue is the GMNL model. This model nests the mixed logit, which represents a common approach to accommodating preference heterogeneity, and a scaled MNL model allowing for the user to test whether accounting for ''scale heterogeneity leads to a significant improvement in fit over the conventional MIXL (mixed logit) model in any given data set'' [57] . When tested on ten data sets, the GMNL model offered the best performance in seven sets, while a multinomial logistic regression allowing for scale heterogeneity was preferred in three [57] .
Hess and Rose have argued that gains in fit resulting from GMNL models may be due to the more flexible distributions they employ relative to MXLs, rather than scale per se [58] . In addition, Hess and Train stressed the importance of allowing for full correlation among the random parameters in an MXL [16] . As scale heterogeneity induces correlation across parameters, an MXL with full correlation among the random parameters can be thought of as accounting for scale heterogeneity, even though such a process has not been explicitly modelled. Consequently, the interpretation of the scale parameter calculated in the GMNL model must be conditional on whether a full correlation matrix is specified for the random parameters. When the distribution for the random preference parameters does not allow correlations, then scale heterogeneity becomes the only source of correlation among utility coefficients in the GMNL model. This is a more parsimonious but also more restrictive specification than MXLs, which allow for correlation between utility coefficients. The reported scale parameter in GMNL models with independent random preference parameters may therefore capture variation not solely caused by scale differences. Alternatively, such a model isolates scale affects conditional on the preferences being uncorrelated. Naturally, a GMNL model that explicitly models scale and incorporates a full correlation matrix for the random parameters is possible but will involve many parameters and therefore may present estimation challenges.
Only two papers explicitly stated that the use of an MXL allowed for both preference and scale heterogeneity [65, 66] . Van Helvoort-Postulart et al. used a mixed logistic regression in their application of a hierarchical integrated information (HII) DCE to ''allow for differences in mean preferences, repeated measures corrections within individuals, as well as error-based differences in scale between the sub-experiments that are typically used in HII'' [29] . A mixed logistic regression model was also used by Blaauw et al. to allow for preference and scale heterogeneity in nurses' preferences for human resource policy interventions to encourage working in rural areas [66] .
Five identified DCEs used the GMNL model with the explicit aim of accounting for scale heterogeneity [32, 34, 39, 41, 53] . For example, Veldwijk et al. used a GMNL model to show that there was significant scale heterogeneity in respondents completing a DCE using a risk attribute in a word format, but not in respondents seeing a graphics format [39] . Knox et al. found evidence of scale heterogeneity in respondents' response to adverse information or positive promotion but this was broadly similar across the samples ''indicating a similar distribution of scale heterogeneity across respondents in all samples'' [32] .
Scale-Adjusted Latent Class Analysis
While 79 papers identified in the review segmented respondents at the analysis stage into groups based on their latent preferences, only two took steps to account for scale heterogeneity in determining these groups and comparing their preferences [42, 43] . Rather than prespecifying groups of interest for preference comparison, latent class analysis identifies a user-specified number of different groups with similar preferences. The optimal number of preference classes is determined by the analyst with the aid of statistical tests based on model selection criteria, such as the Akaike or Bayesian information criterion or log-likelihood [67] .
As in the comparison of preferences between prespecified groups, scale heterogeneity should be accounted for when comparing the preferences of latent classes. However, such models face the additional problem of respondents being misallocated to preference groups due to the impact of scale on their preference coefficients [59] . Accounting for scale is therefore as critical in accurately defining latent classes as when comparing them. SALC models can be used for this purpose and allow the analyst to specify a number of classes that differ in their error variance, in addition to specifying the number of preference classes.
Two papers included in this review used SALC analysis. When investigating the preferences of women and their partners for Down's syndrome screening tests, Carroll et al. stated that they used an SALC model [42] . While three preference classes were presented, no details are provided on how many scale classes were identified. In Erdem and Thompson's analysis of public preferences for health service innovation investments, the authors chose to use three preference classes and two scale classes [43] . Scale parameters were produced for each scale class, stating that ''the first (k1 = 1) expressing a higher variance than the other (k2 = 2.65) and accounts for the majority of the respondents in each class (65%)''. The authors attempted to determine which demographic factors correlated with membership of the different scale classes but none were found to be statistically significant.
Discussion
This systematic review identified a substantial number of healthcare DCEs that compared choice data generated from two or more different prespecified groups, or by partitioning a sample of respondents into latent preference groups. A relatively low proportion of these identified DCEs referred to scale heterogeneity, and a minority (7%) attempted to formally account for scale in their analyses. Combining these results with those from a general search of the healthcare DCE literature (see Supplementary Appendix 2) suggested that only 6% of studies used methods to account for scale heterogeneity.
Over three-quarters of the identified DCEs did not discuss scale heterogeneity in any form but featured analysis of preferences for different groups. As such, considering that 65% of papers that tested for scale heterogeneity found evidence of its presence, there may be an unidentified extensive problem in the interpretation of the results generated by healthcare DCEs, which compare the preferences of different groups or latent preference groups. This problem may be mitigated to some extent by calculating MRS. A number of studies explicitly used WTP for this purpose and it is likely that more studies will have reported WTP results without intentionally using them to account for scale.
The presence of scale can have a number of implications for the results of DCEs. Failing to account for scale heterogeneity ''may result in biased parameter estimates and therefore may also bias the valuation of the attributes'' [27] . When there are differences in error variance between two groups ''the scale parameter entails that attribute weights in DCEs are not directly comparable'' [37] . As such, it is arguable that, as a minimum, authors should not compare estimated coefficients across subgroups unless potential differences in scale have been addressed. This analysis is essential in order to avoid making the mistaken conclusion that differences in coefficients are solely due to preference heterogeneity when they may be partly or wholly explained by scale heterogeneity. In latent class models, failing to account for scale heterogeneity may result in respondents being misspecified within preference groups [59] . Given the volume of DCEs that may exhibit scale heterogeneity but did not address it, and the apparent high prevalence of scale heterogeneity in studies that did test for its presence, there may be a large section of the existing evidence base that contains potentially misleading results.
Although the graphical approach of comparing parameters across groups is simple, providing a definitive interpretation of the output is not easy. Given the availability of software that can estimate heteroscedastic models, this is preferable as it provides a formal test of whether preferences can be considered homogeneous, once conditioned for scale heterogeneity.
While testing for scale differences between groups is important, an additional potential step is to account for scale differences across individuals. This step may be necessary because aggregate coefficient estimates will always be biased as long as preference and scale heterogeneity exists. While there has been growing interest in the use of the GMNL model to separate preference and scale heterogeneity, there is still debate about the extent to which the model achieves this. As such, while the GMNL model may offer an improved fit for the choice data, care should be taken when interpreting the results for scale heterogeneity. Crucially, this interpretation will depend on whether correlations have been explicitly allowed in the specification of preference heterogeneity.
The recent debate regarding the use of GMNL and MXL models highlights another question regarding scale heterogeneity: is it preferable to have a model that correctly accounts for scale heterogeneity or one that can empirically test for differences under restrictive assumptions? As noted in this review, the investigation of scale heterogeneity itself can be a goal of DCEs, particularly with regard to understanding the complexity of different experimental methods. A good example of this approach is the study by Rigby et al., which showed that those respondents agreeing to take part in a follow-up DCE to investigate test-retest reliability were those with more consistent original estimates, although it should be noted that this was not in a healthcare context [68] . In this case, testing for scale heterogeneity suggested that conclusions about test-retest validity may be erroneous as the two groups were systematically different. However, it is important to remember that while models such as the heteroscedastic logit provide an empirical estimate of the scale parameter, they also assume homogeneity of preferences. Scale parameter estimates derived from such models will also rely on statistical power as much as aggregate parameter values, therefore care should be taken when comparing small groups of respondents.
Future research topics in the domain of scale heterogeneity may include an examination of the role and validity of WTP estimates generated from DCEs. WTP estimates are a common output of health-related DCEs due to their ability to assist in the interpretation of results, their potential use in cost-benefit analyses, and the perception that they control for scale heterogeneity. While it has been shown that they may not control for scale heterogeneity, an empirical comparison of WTP estimates generated using correlated and uncorrelated parameters has yet to be made in the health literature.
Another question related to the WTP values is the impact of highly random individuals on aggregated WTP values. In a working paper, Burton et al. suggested that the interpretation of results from heteroscedastic logistic regression models were affected by which group was chosen to normalise error variance [69] . In their applied example, the authors showed that when normalising error variance to the more random group, the values of the coefficients were indistinguishable from random behaviour. The authors argued that it was not logical to base WTP on values produced by individuals with such random behaviour, and suggested omitting the portion of the sample whose scale parameter was\0.32 (n = 42, 15.3%), indicating random preferences in this group. Further research into the impact of omitting such random individuals on the results of DCEs, and their implication for health policy, would be valuable.
An additional area for future research could use qualitative research methods to predict potential sources of scale heterogeneity before and during conducting DCEs and quantitative assessment. While qualitative research has been used to inform the construction of DCEs, such methods have not been used to identify potential sources of scale heterogeneity [21] . Techniques such as think-aloud interviews, which are often used to inform the design of survey instruments, may help to identify groups who find answering the survey more difficult, given a sufficiently diverse study sample is used. Returning to interview respondents after the use of SALC analysis may be useful in validating the identified preference and scale classes.
This systematic review had some limitations. The review has only provided a 'snapshot' of the state of play until February 2016. It is possible that the number of papers accounting for scale heterogeneity has changed in recent years. While it is possible that more recent papers feature new methods for accounting for scale heterogeneity, the authors are unaware of any such techniques. Furthermore, while more recent applied papers were not included in this review, the authors have endeavoured to support discussion of individual methods for accounting for scale heterogeneity with the citation of up-to-date methodological papers.
Given the volume of studies included in this review, a keyword search of terms related to scale heterogeneity was used to identify studies that had accounted for scale. While only four terms were used, it was believed that using such broad terms captured a number of variations of references to scale heterogeneity. For example, the term 'heteros*' captured references to heteroscedasticity, heteroskedasticity and the heteroscedastic conditional logit model. The term 'scale' identified direct mentions of scale but also captured instances where the Swait and Louviere test had been used as the term was used in the title of the paper outlining this method.
Although this review has shown that many studies had significant scale heterogeneity between or within groups, it is unclear what level of impact this has on the results of DCEs or conclusions regarding differences between groups. This is partly because no method will ever be able to perfectly isolate the relative impact of preference and scale heterogeneity, and attempts to do so rely on simplifying assumptions that may or may not be supported in any particular application. While some researchers believe that a large part of the differences in observed coefficients are due to scale differences [70, 71] , others are more sceptical and caution that even a significant scale parameter may not provide evidence of scale heterogeneity [16] .
Conclusions
This systematic review has shown that there was limited discussion around scale heterogeneity in published healthcare DCEs. Even fewer studies attempted to test for scale heterogeneity, using even the most basic approaches, and unless the use of such methods increases, the field continues to risk producing biased and potentially misleading conclusions regarding preferences for aspects of healthcare across different groups in the population. The use of methods to identify and address scale heterogeneity should be a fundamental component of the analysis of healthcare DCE when comparing between groups.
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